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SYSTEM AND METHOD FOR MINING OF 
TEMPORAL DATA 

TECHNICAL FIELD 

The present disclosure relates to a system and method for 
temporal data mining. More particularly, it relates to a system 
and method for temporal data mining by employing automata 
to count frequent episodes. 

BACKGROUND 

Data sets With temporal dependencies frequently occur in 
many business, engineering and scienti?c scenarios. Some 
typical examples of temporal data include alarm sequences in 
a telecom network, transaction logs in a grocery store, Web 
navigation history, genome sequence data, stock market or 
other ?nancial transactions data, line status logs in a manu 
facturing plant or other log data from manufacturing systems, 
time-stamped Warranty data, diagnostic data from automo 
biles, and customer relations data. 

The Widespread occurrence of temporal data series has 
brought attention to the general importance of the area of 
temporal data mining. One Way to search for patterns of 
interest in time series data is to discover frequent (or repeti 
tive) patterns in the data. Thus, a special class of temporal data 
mining applications, those having to do With frequent epi 
sodes, is of particular importance. A central idea of frequent 
episode discovery is to seek expressive pattern structures and 
fast discovery algorithms that render a discovery technique 
both useful as Well as ef?cient in the data-mining context. 

In many event sequences, individual time-ordered events 
in the data series are associated With time durations. In many 
instances, the time durations may carry useful information. 
For example, in the line status logs of manufacturing plants, 
the durations of various events in the data stream carry impor 
tant information. Accordingly, formalisms that can accom 
modate time durations While searching for interesting tempo 
ral patterns in the data Would be very useful. 

SUMMARY 

A method, system, and apparatus for temporal data mining 
are disclosed. The method includes receiving as input a tem 
poral data series including events With start times and end 
times, a set of alloWed dWelling times, and a threshold fre 
quency. The method also includes ?nding all frequent prin 
cipal episodes of a particular length in the temporal data series 
having dWelling times Within the alloWed dWelling times. The 
method includes steps executed in successive passes through 
the temporal data series. The steps include incrementing the 
particular length to generate an increased length, combining 
frequent principal episodes to create combined episodes of 
the increased length, creating a set of candidate episodes from 
the combined episodes by removing combined episodes 
Which have non-frequent sub-episodes, identifying one or 
more occurrences of a candidate episode in the temporal data 
series, incrementing a count for each identi?ed occurrence, 
determining frequent principal episodes of the increased 
length, and setting the particular length to the increased 
length. The method further includes producing an output for 
frequent principal episodes. In the method, a frequent princi 
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2 
pal episode is a principal episode Whose count of occurrences 
results in a frequency meeting or exceeding the threshold 
frequency. 

BRIEF DESCRIPTION OF DRAWINGS 

FIG. 1 shoWs a method for temporal data mining of a 
temporal data series With events having durations; 

FIG. 2 shoWs a ?owchart depicting a method for detection 
of frequent episodes in temporal data series; 

FIG. 3 shoWs further detail of the method of FIG. 2 accord 
ing to tWo embodiments; 

FIG. 4 shoWs detail of the step of transiting an automaton 
shoWn in FIG. 3 for an embodiment in Which non-overlapping 
occurrences of episodes are tracked; 

FIG. 5 shoWs detail of the step of transiting an automaton 
shoWn in FIG. 3 for an embodiment in Which non-interleaved 
occurrences of episodes are tracked; 

FIG. 6 shoWs detail of the step of recognizing an occur 
rence of an episode shoWn in FIG. 3; 

FIG. 7 shoWs additional detail of the step of removing 
partial occurrences of an episode shoWn in FIG. 3; 

FIG. 8 shoWs additional detail of the step of FIG. 2 of 
determining if a frequent episode is principal; 

FIG. 9 shoWs an arrangement of blocks in the data structure 
Fk* of frequent principal episodes of length k; 

FIG. 10 shoWs an ordering of frequent principal episodes 
Within a block of Fk’l‘; 

FIG. 11 shoWs example candidate blocks of length k+l 
generated from frequent principal episodes shoWn in FIG. 1 0; 

FIG. 12 shoWs additional detail of the step of generating 
candidate episodes of length k+l from frequent principal 
episodes of length k; 

FIG. 13 depicts an exemplary system of this invention; and 
FIG. 14 depicts an exemplary apparatus of the present 

invention. 

DETAILED DESCRIPTION 

This disclosure describes a method, system, and apparatus 
for temporal data mining of frequent episodes in temporal 
data series made up of events With durations. The method 
includes a step for receiving as input a series of temporal (i.e., 
time-stamped) data including events With start times and end 
times, a set of alloWed dWelling times, and a threshold fre 
quency of occurrence for the episodes found in the course of 
the temporal data mining method. The method includes itera 
tive steps of computing a set of frequent principal episodes 
from candidate episodes, and generating a set of candidate 
episodes from the frequent principal episodes for use in the 
next iteration. The method includes a further step of produc 
ing an output for frequent principal episodes. The threshold 
frequency determines Whether an episode is frequent in the 
temporal data series: a frequent episode is one Whose count of 
occurrences results in a frequency meeting or exceeding the 
threshold frequency. 
The method, system, and apparatus are adapted to detect 

frequent or repetitive patterns in the form of sequential epi 
sodes in time stamped data series. An aspect of this technol 
ogy is the de?ning of appropriate frequency counts for non 
overlapping and non-interleaved episodes. TWo frequency 
measures and embodiments for obtaining frequent episodes 
are described. The embodiments described here search 
through the temporal data series to detect non-overlapping 
and non-interleaved episodes Which are frequent (according 
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to these measures) in the temporal data series. The method 
includes checking Whether a frequent episode is principal in 
the data series. 

This invention may be embodied in the form of any number 
of computer-implemented processes and apparatuses for 
practicing those processes. Embodiments of the invention 
may be in the form of computer program code containing 
instructions embodied in tangible media, such as ?oppy dis 
kettes, CD-ROMs, hard drives, or any other computer-read 
able storage medium, Wherein, When the computer program 
code is loaded into and executed by a computer, the computer 
becomes an apparatus for practicing the invention. The 
present invention may also be embodied in the form of com 
puter program code, for example, Whether stored in a storage 
medium, loaded into and/ or executed by a computer, or trans 
mitted over some transmission medium, such as over electri 
cal Wiring or cabling, through ?ber optics, or via electromag 
netic radiation, Wherein, When the computer program code is 
loaded into and executed by a computer, the computer 
becomes an apparatus for practicing the invention. When 
implemented on a general-purpose microprocessor, the com 
puter program code segments con?gure the microprocessor 
to create speci?c logic circuits. 

FIG. 1 is a ?owchart shoWing a method for temporal data 
mining. While the steps are in a particular order and shoW a 
particular manner to achieve results, the technology 
described herein can be implemented in other Ways too. The 
method includes a step 12 for receiving as input a temporal 
data series including events With start times and end times, a 
set of alloWed dWelling times, and a threshold frequency. A 
set E of event types, an expiry time, and a con?dence thresh 
old may also be received as input in step 12. In a step 14, data 
structures for implementing the method are initialized. In a 
step 16, all frequent principal episodes of a particular length 
in the temporal data series having dWelling times Within the 
alloWed dWelling times are found. Principal episodes are 
de?ned and discussed beloW. In step 16 also, the particular 
length is shoWn as one (1) in FIG. 1, but other values of length 
may be used. 

Successive passes are made through the temporal data 
series to iteratively ?nd all frequent principal episodes. This is 
shoWn at steps 18 to 24. In step 18, in the ?rst iteration, all 
frequent principal episodes of length 1 are computed; in an 
iteration, in general, all frequent principal episodes of the 
particular length are computed at step 18. This is typically 
done by identifying one or more occurrences of a candidate 
episode in the temporal data series, incrementing a count for 
each identi?ed occurrence, and determining frequent epi 
sodes from the counts of occurrence in comparison to the 
threshold frequency. A test for Whether a frequent episode is 
principal is made, and if the episode passes the test it is 
included in successive steps. Next, at step 20, frequent prin 
cipal episodes of the particular length are combined in spe 
ci?c Ways to produce combined episodes of an increased 
length. Typically, the increased length may be one more than 
the particular length. The combined episodes are tested, and 
those having subepisodes Which are not frequent principal 
episodes are removed, to leave a set of candidate episodes for 
the next iteration. The iteration index is incremented at step 
22, and may match the value of the increased length. The 
particular length may be reset to the increased length for the 
next iterative pass through the temporal data series. If no neW 
candidate episodes are left after removing combined episodes 
having subepisodes Which are not frequent principal epi 
sodes, iteration terminates at a step 24. The method continues 
at step 26 to compute the collection of all frequent principal 
episodes (i.e., frequent principal episodes of all lengths) by 
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4 
combining all the sets of frequent principal episodes found in 
the iteration steps 18 to 24. In a step 28, the set of all frequent 
principal episodes is provided as output of the method. 

Also shoWn in FIG. 1 are a rule generation step 30 and a 
step 32 of producing output of the rules. Depending on details 
of the embodiment under consideration, the method 10 is 
capable of recognizing non-overlapping occurrences of epi 
sodes or non-interleaved occurrences of episodes. This capa 
bility is described in detail beloW in connection With FIGS. 
2-7. 

To describe mathematical details that are referenced 
herein, ?rst is a description of some of the terms used. 

Temporal data series discussed in this disclosure are made 
up of triplets (Ei, ti, '51.), in Which an event El. begins at a start 
time ti and ends at an end time "51-, With 'cl->tl-. Both ti and "cl- may 
be integers. Events in the temporal data series are not instan 
taneous and thus require for their speci?cation both start and 
end times. Temporal data series discussed in this disclosure 
are typically ordered so that events are arranged in order of 
increasing (or at least, nondecreasing) end time value. An 
example generic temporal data series as described herein may 
be denoted <(El, t1, '51), . . . (En, tn, 'cn)>. 
The temporal data series may also be denoted an event 

sequence (s, TS, T8) with TS and Te ?xing the loWer and upper 
extremities of the event sequence. For the sake of notational 
succinctness this triple is denoted by s. The length n of the 
temporal data series may be denoted |s| . The events El- may be 
draWn from a set E of possible event types Which may be 
provided as an input at step 12, as described above. 

The dWelling time or time duration of event E1. is the dif 
ference Airy-ti. The events in the temporal data series may 
have varying dwelling times. Often, in event sequences as 
discussed herein Where the events have associated time dura 
tions, the time durations of events can carry useful informa 
tion. 

Example events may also be denoted herein by A, B, C, and 
so on. The associated time/duration value(s) may be sup 
pressed When the order of events is clear from the context, or 
When the order is not relevant to the discussion. An example 
event sequence of a temporal data series may be (A, l, 2), (B, 
3, 4), (C, 4, 5), (E, l2, 13), (A, l4, 16), (B, l5, 19), (C, 16, 22). 
A particular event type may be of interest for frequent 

episode discovery When its dWelling time lies Within a certain 
range or time interval, e. g., l to 10 minutes, or in a set of time 
intervals. For example, in manufacturing plant data, doWn 
time events of short duration, say, between 10 and 30 minutes, 
may be of interest. In another example, doWntime events of 
either very short (between 1 and 10 minutes) or very long 
duration (betWeen 30 and 180 minutes) may be of interest. 
The set of all alloWable dWelling times for events may be a 

design choice made by the user of a temporal data mining 
method. This set is denoted herein as B:{Bl, . . . , BK}. B is 

a collection of time intervals. That is, B is a discrete set With 
a ?nite number of elements, but each element is a time inter 
val. In the instances discussed above of manufacturing plant 
data, B may be taken as the set containing the single interval 
[10-30] in the ?rst example, B:{[l0-30]}. In the other 
example above, B may be taken as B:{[l-l0], [30480]}. 

It may be the case that an event in an episode may be of 
interest for frequent episode discovery only for some, and not 
all, intervals in B. Thus, the de?nition of episode as used 
herein includes an associate betWeen a node of the episode 
and possible durations that are alloWed as dWelling times for 
that node in the episode. An episode is therefore de?ned 
herein as an ordered set of nodes, each node having an asso 
ciated event type and an associated set of intervals (in B) that 
are alloWed as durations for that node. The length or siZe of an 
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episode is the number of nodes in it. For an episode denoted 
by, e.g., 0t, its length may be denoted by lotl. 
An ordered sequence of events, e.g., (AQB—>C), may be 

denoted an episode, but this speci?cation is not complete, in 
the context of this disclosure, Without the association betWeen 
nodes and alloWed dwelling times. This association may be 
speci?ed by providing a map da Which associates With each 
node of the episode ot a collection of intervals in B, that is, a 
subset of B. 

For purposes of discussion in this disclosure, the associated 
subsets of B may also be speci?ed directly in the ordered 
sequence of events, for short sequences. If, for instance B:{ 
[1-2], [30400]}, a three node episode may be speci?ed as 
(A([l-2])QB([l-2], [30-100])QC([1-2])). An episode 
occurs in the temporal data series if the events of the episode 
occur in the temporal data series in the same order as in the 
episode, and have durations alloWed by the association 
betWeen nodes of the episode and intervals in B. 

Returning to discussion of the example seven-event 
sequence above, consider the three-node episode 
(A([l -2])QB([1 -2], [30-l00])—>C([l -2])). The sequence of 
event-time value pairs (A, l, 2), (B, 3, 4), (C, 4, 5) is an 
occurrence of the episode. The sequence (A, l4, 16), (B, 3, 4), 
(C, 4, 5) is not an occurrence of the episode, since A occurs 
later than B and C. Nor is the sequence (A, l, 2), (B, 3, 4), (C, 
16, 22) an occurrence of the episode, since C has a duration 
longer than alloWed for a dWelling time. There is only one 
occurrence ofthe episode (A([l-2])—>B([l -2], [30-l00])—>C 
([1 -2])) in the example event sequence. 
The speci?cation of B alloWs the user to direct the search 

for frequent episodes of the kind that are of interest to the user. 
ToWards this end, it may be preferable to specify event-spe 
ci?c B-sets. The set of all possible time intervals, B, Would 
then be a function of the event type associated With the node 
under consideration. 

For example, if an episode 0t is de?ned formally as a set of 
nodes Va:{vl, . . . , vn} on Which is de?ned a total order <0‘, 
the association betWeen each node and an event type may be 
provided by a map ga from the set Va to the set of event types 
E. Thus an event speci?c B-set may be denoted as Bgaw). 
Also, as previously discussed, the alloWed dWelling times 
may be provided by a map da from the set Va to a subset of B. 

In the case Where event-speci?c alloWable dWelling times 
are used, then, for each node veVw the set of alloWed dWell 
ing times may be regarded as a subset of Bgaw), i.e. da(v) 
625%“) (Where 258M") is the set of all subsets of Bgaw), the 
poWer set of Bgaw). Thus, embodiments of the method 
described herein Would be able to handle such event-speci?c 
B-sets. HoWever, for the sake of notational convenience, the 
set of time intervals is denoted herein simply as B. 

Consider the episode 0t speci?ed as 0t:(Vw <0‘, g0‘, du). An 
episode [3 speci?ed as [3:(VB, <5, g5, dB) is a subepisode-of the 
episode 0t, and Written [3<0t, if there is a l-to-l map from the 
set of nodes of [3 into the set of nodes of 0t, flmzV?QVa With 
the folloWing three properties: First, for each node v in [3, the 
associated event is the same as the event associated With the 
node in ct to Which v is mapped by 3cm, that is, 
ga(f|5a(v)):g|3(v). Second, for each node v in [3, every 
alloWed dWelling time for the event associated With the node 
in ct to Which v is mapped by f5“ is also an alloWed dWelling 
time for the event associated With the node v, that is, daQcBa 
(v)) 5d|5(v). Finally, the ordering of nodes is preserved under 
the mapping betWeen 0t and [3; that is, for each pair of nodes 
v and W in [3, With V<I5W under the order relation <5, the nodes 
in a to Which v and W are mapped have the same ordering 

under the order relation <0‘, i.e., f?a(v)<afl3a(w). 
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According to the de?nition of the subepisode, it does not 

suf?ce if just the relative ordering of events in the candidate 
subepisode matches that of the episode. In addition, the 
dWelling time constraints on the events of the candidate sub 
episode are to be consistent With those that the episode itself 
Would alloW. 

A strict subepisode [3 of an episode 0t is a subepisode for 
Which equality With 0t does not hold, i.e. [34a and [3#(X. A 
strict subepisode may be denoted by [3 <0t. When [3 <0t, 0t may 
also be denoted a superepisode of [3, and Written 0t>[3. Simi 
larly, a strict superepisode may be denoted 0t>[3. 

An episode 0t is said to occur in the temporal data series if 
events of the proper event type occur in the proper order in the 
temporal data series, With alloWed dWelling times, as de?ned 
by the set of nodes, ordering, and maps speci?ed by the 
episode 0t:(Vw <0‘, gw do‘). The occurrence of episode 0t in 
the event sequence (s, TS, T8) is Written as 0t i>s.An occurrence 
of an episode in the temporal data series is also an occurrence 
of each of its subepisodes. That is, if [3<0t, then 0t|>(s, TS, 
Te):>B ‘>(S, TS, Te) 
A measure ks(ot) of hoW often a occurs in the event 

sequence s may be de?ned. This may be any reasonable 
notion of frequency, in particular, the frequency measures 
de?ned beloW for non-overlapping and non-interleaved 
occurrences. A reasonable de?nition of ks(ot) may be 
expected to satisfy a property [3<ot:>7ts([3)i7ts(ot). That is, in 
a given event sequence, the subepisodes are alWays at least as 
frequent (if not more frequent) as their corresponding 
superepisodes. 
One Way of de?ning the frequency of occurrence of an 

episode in a temporal data series may be by counting the 
number of occurrences and dividing by the length of the 
temporal data series. The example event sequence (A, l, 2), 
(B, 3,4), (C, 4, 5), (E, l2, 13), (A, l4, 16), (B, l5, 19), (C, 16, 
22) has a length of 7. Thus the episode (A([l-l0])QB 
([l-l0])—>C([l -l0])) occurring 4 times in the event sequence 
results in a frequency 4/7. 

A non-overlapping occurrence of an episode is one Where 
no event of the episode occurs betWeen tWo events of another 
occurrence of the episode. For example, there are tWo non 
overlapping occurrences of the episode (A([l-l0])—>B([l 
10])QC([1 -l0])) in the event sequence (A, 1,2), (B, 3, 4), (C, 
4, 5), (E, l2, 13), (A, l4, 16), (B, l5, 19), (C, 16, 22). It 
suf?ces to track only the innermost occurrence of 

(A([l -l0])QB([l-l0])QC([l -l0])) in an event sequence like 
(A, l, 2), (B, 2, 3), (A, 3, 4), (B, 4, 6), (A, 7, 9), (B, 8, 
l0), . . . , and this forestalls arbitrarily large memory and 

processor time consumption. 
A non-interleaved occurrence of an episode may be de?ned 

as folloWs. Each occurrence of an episode is may be consid 
ered as a l-to-l map, h, from the nodes of the episode to 
events in the temporal data series. For an episode ot, the 
number of nodes in a may be denoted by lotl and the ordered 
sequence ofnodes OfO. may be referred to as v1, v2, . . . . The 

jth node of the episode 0t may also be denoted herein as ot-g?]. 

Let hl and h2 denote tWo different occurrences of 0t. Thus, 
hl(vl.) denotes the event in the temporal data series that cor 
responds to the node vi of the episode 0t in the occurrence 
represented by hl. By hl (vi)<h2(vj) is meant that the event (in 
the temporal data series) corresponding to node vi in occur 
rence hl has an earlier occurrence time than that of the event 
corresponding to node vj in occurrence h2. 
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TWo occurrences, hl and h2 of an episode 0t are said to be 
non-interleaved if either 

As an example, the event sequence (A, 1, 3), (B, 2, 4), (D, 
4, 5), (A, 5, 6), (C, 7, 10), (B, 11, 13), (C, 15, 18) contains tWo 
non-interleaved occurrences of the episode (A([1-2])—>B 
([2])QC([3])) namely, <(A, 1, 3), (B, 2, 4), (C, 7, 10)> and 
<(A, 5, 6), (B, 11, 13), (C, 15, 18)>. TheA event ofthe second 
non-interleaved occurrence occurs in the event sequence after 
the B event of the ?rst non-interleaved occurrence, and the B 
event of the second non-interleaved occurrence occurs in the 
event sequence after the C event of the ?rst non-interleaved 
occurrence. 

In the embodiments discussed below, automata are used to 
identify and recognize occurrences of candidate episodes. In 
terms of the automata that recognize each occurrence, this 
de?nition of non-interleaved means the following. An 
instance of the automaton for a candidate episode 0t can 
transit into the state corresponding to a node, say v2, only if an 
earlier instance (if any) of the automaton has already transited 
into state v3 or higher. Non-interleaved occurrences Would 
include some overlapped occurrences though they do not 
include all occurrences. 

The de?nition introduced above for frequency of occur 
rence of an episode in a temporal data series can be re?ned by 
considering an episode to have occurred only if its occurrence 
meets the criteria for a non-overlapping occurrence, or meets 
the criteria for a non-interleaved occurrence. Which of these 
tWo different criteria are intended is clear from the context in 
the discussion beloW. The de?nitions of non-overlapping 
occurrences and non-interleaved occurrences thus provide 
tWo neW frequency measures to apply to episode occurrence 
in a temporal data series. 

The general procedure for discovering frequent episodes is 
as folloWs. First all frequent 1-node episodes in the temporal 
data series are found. Then these are combined in all possible 
Ways to make candidate 2-node episodes. By calculating the 
frequencies of these candidates, all frequent 2-node episodes 
are obtained. These are then used to obtain candidate 3-node 
episodes and so on. The general method provides a reduced 
number of passes over the data series. The main computation 
ally intensive step in frequent episode discovery is that of 
calculating the frequency of sets of candidate episodes. The 
computational burden may be reduced by using as feW data 
base passes as possible. 

The method, system, and apparatus for temporal data min 
ing of frequent episodes described herein are adapted to 
detect frequent or repetitive patterns in the form of sequential 
episodes in time stamped data series. As explained above, an 
episode or pattern is frequent if its detected occurrences meet 
or exceed a frequency value speci?ed by a user of the method, 
system, or apparatus. 
TWo episodes are said to be similar if they are identical 

except for the fact that one alloWs some more time intervals 
(for the event dWelling times) than the other, and if their 
frequencies of occurrence are equal in the given event 
sequence. Thus, unlike episodes or subepisodes, similar epi 
sodes are alWays de?ned With respect to a given event 
sequence and a given frequency count. 

Formally, tWo episodes 0t and [3 are said to be similar in the 
event sequence s (Written 0t§[3 in s) if all of the folloWing 
conditions are met. First, either 0t is a subepisode of [3 or [3 is 
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a subepisode of 0t, 0t<[3 or [3<0t. Second, the tWo episodes 
have the same length (same number of nodes), lotl :l [3 |. Third, 
0t and [3 occur in s With the same frequency, }\,S((X):}\.S([3). 

Every episode 0t is similar to itself, so that the relation of 
similarity satis?es the re?exive property. From the conditions 
above, if 0t§[3 then [3E0t, so that the relation of similarity 
satis?es the symmetric property. Further, if 0t§[3 and [35y then 
(xEy, so that the relation of similarity satis?es the transitive 
property. Similarity betWeen episodes in a given event 
sequence is therefore an equivalence relation over the set of 
all episodes. 
An episode 0t* is said to be principal in an event sequence 

s if the folloWing tWo conditions hold: (1) the episode 0t 
occurs in s, 0t* i>s, and (2) there is no strict superepisode of it 
Which is similar to it (in the event sequence s), i.e., there is no 
0t>-0t* such that (XE(X* in s. 

The similarity relation (being an equivalence relation) par 
titions the space of all episodes into equivalence classes. The 
episodes Within each class are similar to one another. There 
Will exist exactly one principal episode in each partition. All 
the other episodes in the partition can be generated by 
appending time intervals (that do not contribute to the even 
tual episode frequency) to the event duration sets of the prin 
cipal episode. 

Subepisodes of principal episodes are in general not prin 
cipal. Indeed, the non-principal episodes in each partition of 
the similarity-based quotient space are after all subepisodes 
of the partition’s generator (or principal episode). HoWever, 
all subepisodes generated by dropping nodes (rather than by 
appending time intervals to the d() sets) of a principal episode 
are most certainly principal. 

Returning noW to FIG. 1, the process of computing the set 
of all frequent principal episodes is incremental and is done 
through the steps shoWn in FIG. 1. In step 12, a temporal data 
series including events With start times and end times is 
received as input. The temporal data series may be recorded in 
a database and the entire data series read into memory at the 
outset at step 12. That is to say, the processing of the temporal 
data series may occur of?ine, and not in real time. In this Way, 
events under consideration may be examined later after iden 
ti?cation by the method described here. 

Also in step 12, a set B of alloWed dWelling times, and a 
threshold frequency 7» are received as inputs. An expiry time 
tX and a con?dence threshold pm.” may also be received as 
inputs. A set E of event types may be provided as Well in the 
input at step 12. 

Data structures of use in implementing the method may be 
initialiZed in a step 14. These data structures may include, but 
are not limited to, arrays, lists, ?ags, etc. as appropriate. In 
particular a variable FS* to hold frequent principal episodes 
found in the temporal data series is initialiZed to be empty. 

After steps of receiving inputs 12 and initialiZing data 
structures 14, the iterative process of scanning through the 
temporal data series starts With the set C 1 of all possible 
1-node episodes, at step 16. This may be determined by ?rst 
?nding the set of all distinct event types occurring in the 
temporal data series. 

Let Fl * be the collection of frequent principal episodes in 
C 1. Once Fl* is obtained, the collection C2 of candidate 
2-node episodes is generated from it. This incremental pro 
cess of ?rst obtaining F k* from the candidates in Ck and then 
generating Ck+1 from Fk* is repeated till the set of neW can 
didates generated is empty. Generation of frequent principal 
episodes Fk* from candidates Ck is explained beloW in con 
nection With FIGS. 2-8, While generation of candidates Ck+1 
from F k* is explained beloW in connection With FIGS. 9-12. 
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In order to describe episodes With event durations, for each 
episode 0t, 0t~g[i] denotes the event type associated With its i’h 
node and 0t~d[i] denotes the set of time intervals associated 
With its ith node. The Waits list, Which links together all 
automata that accept a particular event, is indexed by an 
orderedpair (E, 6) Where E is an event type (i.e., element of E) 
and 6 is an alloWed duration (i.e., element of B). The set 
Waits(E, 6) stores (or, i) pairs, indicating that an automaton for 
episode 0t is Waiting in its i’h state for the event type E to occur 
With a duration in the 6 time interval so that it can make a 
transition to the next node of the episode. 

The temporal data sequence includes a start and end time 
for each event in the sequence. An event is regarded as com 
pleted (and hence is ready for consideration as input to the 
automata) after its end time, so the iteration loop may be 
indexed by "c, i.e. the event end time. 
NoW turning to FIG. 2, step 18 of FIG. 1 may include a step 

of retrieving inputs 102. These inputs may include, but are not 
be limited to, a temporal data series s including events With 
associated time values, a set Ck of candidate episodes to be 
sought in the temporal data series, a threshold value 7» for 
occurrence frequency of an episode in the temporal data 
series, and an expiry time t X. 

In step 18, as Will be discussed beloW, the temporal data 
series is traversed one event at a time. In an embodiment of 
step 18 as described herein, a single pass of sequentially 
scanning through the temporal data series may su?ice. While 
this detailed discussion presents certain opportunities to 
attain the results described herein, other steps in place of 
those described are possible, Without exceeding the scope of 
this disclosure. 

Additional data structures of use in implementing the 
method are initialized in a step 104. In this Way a set of 
automata may be generated and initialized to provide for 
tracking Whether a candidate episode occurs in the temporal 
data series. In addition, for each candidate episode, a count of 
occurrences may be initialized to zero. 

To handle cases in Which an event type occurs in consecu 
tive positions in a candidate episode, a variable bag may be 
initialized to be empty of contents. The variable bag may be a 
list, an array of pointers, or other appropriate data structure. 
During practice of an embodiment of the method, the variable 
bag may hold elements denoted herein by (0t,j), denoting an 
automaton of the episode 0t is Waiting for a particular event 
type as its j’h event. 

There may be many candidate episodes and for each can 
didate episode there may be multiple occurrences. Thus, at 
any time there may be many automata Waiting for many event 
types to occur. In order to traverse and access the automata 
e?iciently, for each event type E in the set Ck, the automata 
that accept E are linked together in the list Waits(E,6). 

The variable Waits(E,6) is preferably a list, but any other 
appropriate data structure may be employed. Like the vari 
able bag, the Waits(E,6) list may contain entries of the form 
(0t,j). In the case of Waits(E,6), an entry (0t,j) means that an 
automaton of the episode 0t is Waiting for event type E as its 
jth event. That is, if the event type E occurs noW in the event 
sequence, this automaton Would accept it and transit to the jth 
state. At any time (including at the start of the counting 
process) there may be automata Waiting for the event types 
corresponding to ?rst nodes of all the candidate episodes. 
Accordingly, the Waits(~) list is initialized as described beloW. 

Further initialization takes place in step 104 by initializing 
a plurality of automata adapted to detect Whether an episode 
of the set Ck occurs in the temporal data series. Each episode 
0t of Ck may have lotl automata initialized, one for each node 
of the episode. The initialization of the automata includes 
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adding an entry (0t,j) to Waits(0t[l], [3), setting the episode 
count, ot-freq, to zero, and setting the initialization time ot-init 
[j], to zero for each ot-automaton. The initialization time is the 
time at Which the ?rst event of the episode occurred, for each 
instance of the automaton (for a given episode). 

Further, it may be useful to prescribe an expiry time for 
episode occurrences, so that very Widely spread out events 
Would not be counted as an occurrence of some episode. This 
condition may be enforced in the method by testing the time 
taken to reach the neW state before permitting a transition into 
it. This expiry time condition is an added facility in the 
method and the condition can easily be dropped. It may be 
noted that the scheme of retaining only the latest initialization 
time for the automata in a given state is consistent With this 
expiry time restriction. The expiry time may be provided as an 
additional input as shoWn in step 102 above. 

Identifying occurrences of candidate episodes in the tem 
poral data sequence is accomplished by sequentially search 
ing through the data series With the plurality of automata at 
106. This step is discussed in further detail beloW in connec 
tion With FIGS. 3 through 7. In brief, the automata occupy 
states corresponding to nodes of candidate episodes to track 
partial occurrences of the candidate episodes, With an 
automaton entering a ?nal state When an entire occurrence of 
a candidate episode is detected in the temporal data series by 
that automaton. When a complete occurrence of a candidate 
episode has been tracked by an automaton, incrementing of 
an episode count for that candidate episode takes place. An 
automaton Waiting for an event type makes a transition When 
that event type occurs, and the Waits(~) list is accordingly 
updated. Multiple automata in the same state Would be redun 
dant, as they Would only make the same transitions. 

In an embodiment disclosed herein for counting non-over 
lapping occurrences, as described beloW, an automaton that 
reaches a common state most recently is retained, With other 
automata reaching the same state being discarded. A variable 
0t~init[j] may be used to store lotl initialization times for 
automata for the episode 0t. The variable 0t~init[j] indicates 
When an automaton for the episode 0t that is currently in its jth 
state, becomes initialized, as previously discussed. If multiple 
instances transit to the same state j, only the most recent 
initialization time is stored. When a complete occurrence of 
an episode is identi?ed by an automaton for that episode, all 
other automata that might have been initialized for that epi 
sode are reset, in this embodiment for counting non-overlap 
ping occurrences. Accordingly, a collection of overlapping 
occurrences increments the frequency for the episode by 
exactly one. 

In an embodiment disclosed herein for counting non-inter 
leaved occurrences, as described beloW, all automaton that 
reach a common state may be retained, in general. The excep 
tion to this is When the state corresponds to the ?nal event of 
a candidate episode. An automaton reaching that state is reset 
and the occurrence count for the episode is reset. As is done 
for counting non-overlapping occurrences, the variable ot-init 
[i] may be used to store lotl initialization times for automata 
for the episode 0t, With the variable 0t~init[j] indicating When 
an automaton for the episode 0t that is currently in its jth state, 
becomes initialized. For non-interleaved occurrences, if mul 
tiple instances transit to the same state j, multiple initializa 
tion times are stored. Also, When a complete occurrence of an 
episode is identi?ed by an automaton for that episode, other 
automata that might have been initialized for that episode are 
retained, in general. 
The step of producing results is shoWn in step 108. These 

results, including a determination of frequent principal epi 
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sodes found in step 106, are for use in step 20 of FIG. 1. 
Further detail of step 108 is provided in FIG. 8, discussed 
below. 

In brief summary, referring to FIG. 2, there it is shoWn that 
step 102 performs retrieving of input, that step 104 performs 
initialization of data structures used in an embodiment, and 
that step 106 performs sequential scanning through the tem 
poral data series so that the results may be produced for 
episodes identi?ed as frequent as shoWn in step 108. 

Continuing With description of FIG. 2, the step of produc 
ing an output for candidate episodes Whose count of occur 
rences yields a frequency of occurrence meeting or exceeding 
the threshold frequency 7» provided in step 1 02, shoWn at 108, 
as mentioned above. 

While FIG. 2 sets forth the details of step 18 in general 
terms, FIGS. 3-8 provide more detail of the steps in FIG. 2. 
For example, a more detailed depiction of step 106, identi? 
cation of episodes occurring in the temporal data series, is 
shoWn in FIG. 3. In FIG. 3, at a step 204, the method retrieves 
the next element (E, t, 'C) in the temporal data series. The 
interval 'c-t is then used in a step 205 to get the next element D 
of B containing that interval. In step 205 also, the variable bag 
is set to be empty of contents. The event E is then used in 
retrieval of Waits(E, D), Which is used in step 206. Waits(E, D) 
contains an entry for each automaton aWaiting an occurrence 
of an event of type E in the temporal data series. In the course 
of execution of the method, each entry in Waits(E, D) is 
retrieved in turn, beginning With the ?rst one. Retrieval of the 
entry is identi?ed as step 206, Where for the purpose of further 
discussion, the retrieved entry is identi?ed as (0t,j). A variable 
transition may be cleared, e.g., by setting its value to zero, in 
preparation for its use later in the method for indicating a state 
transition has occurred. When all elements of Waits(E, D) 
have been retrieved, the method may branch at 208 to step 205 
to retrieve the next element D of B containing the interval 'c-t. 
In the same Way, When all elements D of B have been 
retrieved, the method may branch at 209 to step 204 to retrieve 
the next element (E, t, 'c) in the temporal data series. 

With (0t,j), the method proceeds to a query 210 as to 
Whether the state index j is l or not. If jIl, the method 
executes a step 212 in Which the initialization time of the 
automaton for the episode is set to t. Also in step 212, the ?ag 
transition is set to indicate a state transition has occurred. If j 
is not 1, the method conditionally transits automaton 0t from 
state (j-l) (in Which it Was aWaiting an event ot-g?], that is, E) 
to a state j (in Which it aWaits an event 0t~g[j+l]) at 214. Step 
214, and the condition for a state transition in step 214, Will be 
discussed more fully in connection With FIGS. 4 and 5. 

If a state transition has taken place in step 212 or step 214 
so that the transition ?ag is set 215, a query 216 is made as to 
Whether the state index j is less than the number of nodes in 
the episode or not (if not, then j equals the number of nodes in 
the episode, by the logic disclosed herein). If j:|0t|, then an 
occurrence of episode 0t is recognized 218. Step 218 is dis 
cussed more fully beloW in connection With FIG. 6. 

In an embodiment adapted to count non-overlapping 
occurrences of candidate episodes, a step 220 is executed in 
Which automata in states corresponding to partial occurrences 
of the episode 0t are removed. Step 220 is discussed more 
fully beloW in connection With FIG. 7. In an embodiment 
adapted to count non-interleaved occurrences of candidate 
episodes, execution of step 220 is absent. Thus, in an embodi 
ment in Which non-interleaved occurrences are identi?ed, the 
method does not reset all instances of an episode if one 
instance of it reaches the ?nal state. This Way some overlap 
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ping occurrences of a candidate episode may be counted, so 
long as a previous instance has transited at least one state 
more than the next instance. 

Returning to discussion of step 216, if j<|0t|, then a further 
query 222 is made as to Whether the next event of episode 0t 
might also be an event of type E. If not, then an entry (0t, j+l) 
is added to Waits(0t~g[j+l], 6), V6 in ot-d[j+l] (Which is a 
distinct Waits(~) list, since either 0t~g[j+l]#E or D is not in 
ot-d? + l ]). 

If, on the contrary, the next event of episode 0t is again an 
event of type E, that is, 0t~g[j+l]:E, then an entry (0t,j+l) is 
added to the variable bag. Since the method retrieves entries 
in Waits(E, D) in turn (at step 206), and sets the initialization 
time (at step 212), sequestering the entry (0t,j+l) in bag 
instead of simply adding it to Waits(0t~g[j+l], D), Which 
Would be Waits(E, D) in this case, precludes incorrectly over 
Writing the initialization time for the episode. In step 226 an 
entry (0t,j+l) is added as Well to the variables Waits(E, 6) for 
all 6 in ot-d[j+l] but not in D. 

Following 218 (for an embodiment counting non-inter 
leaved occurrences), step 220 (for an embodiment counting 
non-overlapping occurrences), step 224, or step 226, the sys 
tem at 228 may branch to step 206 to retrieve the next entry in 
Waits(E, D) if one is available. Returning to step 215 above, if 
a state transition has not taken place in step 212 or step 214, 
the method branches to step 228. 

If a next entry is not available in Waits(E, D), the method 
instead branches to a step 230 in Which the contents of the 
variable bag are transferred into Waits(E, D). Note that bag 
may be empty under some circumstances. FolloWing that, the 
method returns to step 205. As discussed above, at step 205, 
the method retrieves the next element D of B containing the 
interval It When all elements D of B have been retrieved, the 
method may branch at 209 to step 204 to retrieve the next 
element (E, t, 'C) in the temporal data series. 

If the temporal data series is exhausted upon return to step 
204, execution of step 106 ?nishes, and the method may 
continue With step 108 in FIG. 2. 

Turning noW to FIG. 4, details of step 214 are shoWn for an 
embodiment in Which non-overlapping occurrences of can 
didate episodes are tracked and identi?ed. Conditionally, the 
automaton makes a transit from state j-l to state j. The con 
dition is that at least some nonzero time has transpired since 
initialization of the automaton. In an embodiment Where an 
expiry time is input, the condition also includes a test that less 
than the prescribed expiry time has transpired since the 
automaton Was initialized. In this Way the expiry time may 
provide a criterion for timely occurrence of an episode. The 
automaton makes a transition from state j-l to state j by the 
folloWing actions at a step 302: the initialization time is 
shifted from 0t~init[j+l] to ot-init?], and the ?ag transition is 
set. At a step 304, the variable ot-initU-l] is reset to zero. The 
entry (0t,j) is removed from Waits(E, 6) for all 6 in 0t~d[j] at 
306. 

Steps 304 and 306 occur unconditionally, in contrast to step 
302. Although step 306 is shoWn as folloWing step 304, step 
306 may instead occur before step 302, or betWeen step 302 
and step 304. The signi?cant order of steps in FIG. 4 is that 
step 304 folloW step 302, if step 302 occurs. 

Turning noW to FIG. 5, details of a step 214' are shoWn for 
an embodiment in Which non-interleaved occurrences of can 
didate episodes are tracked and identi?ed. As in FIG. 4, 
conditionally the automaton makes a transit from state j-l to 
state j. The condition noW is that at least some nonzero time 
has transpired since initialization of the automaton, and that 
no automaton for that episode is already in state j . This may be 
determined, for example, by checking that 0t~init[j] is zero. 
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Thus in an embodiment for identifying non-interleaved 
occurrences, the method does not permit a transition into a 
particular state (except the ?rst state) if there is already an 
instance of the automaton Waiting in that state. In other Words, 
While it still uses only one automaton per state, it does not 
forget an earlier initialization of the automaton until that has 
transited to the next state. 

There may be many sets of non-interleaved occurrences of 
an episode in the event sequence. The embodiment as dis 
closed herein for counting non-interleaved occurrences 
counts that set of non-interleaved occurrences, Which 
includes the ?rst occurrence of the episode in the event 
sequence. 

In an embodiment Where an expiry time is input, the con 
dition may also include a test that less than the prescribed 
expiry time has transpired since the automaton Was initial 
ized, as also shoWn in FIG. 5. In this Way the expiry time may 
provide a criterion for timely occurrence of an episode. The 
automaton makes a transition from state j-l to state j by the 
actions at step 302', 304', and 306'. The initialization time is 
shifted from ot-initU-l] to ot-init?], and the ?ag transition is 
set at 302'. At a step 304', the variable ot-initU-l] is reset to 
zero. The entry (0t,j) is removed from Waits(E,6) for all 6 in 
0t~d[j] at 306'. 

Steps 304' and 306' are conditional, along With step 302'. 
Although step 306' is shoWn as folloWing step 304', step 306' 
may instead occur before step 302', or betWeen step 302' and 
step 304'. The signi?cant order of steps in FIG. 5 is that step 
304' folloW step 302'. 

Turning noW to FIG. 6, details of step 218, recognizing an 
occurrence of episode 0t, are shoWn. At 402 the episode count 
for episode 0t is incremented by setting 0t~freq[j]:0t~freq[j] +1 . 
At step 404, the initialization time is reset to zero, 0t~init[j]:0. 
Although shoWn With step 402 preceding step 404, the tWo 
steps may occur in the opposite order. 

Turning noW to FIG. 7, details of the step 220 of removing 
automata in states corresponding to partial occurrences of the 
episode 0t are shoWn. First, an episode traversal index k may 
be initialized to avalue l at 502. Next, if the initialization time 
ot-init[k] is nonzero 503, then at a step 504, the initialization 
time 0t~init[k] is reset to zero and at a step 506, the entry 
(0t,k+l) is removed from Waits(0t~g[k+l], 6), for all 6 in 
(X'd[l(+l]. Note that steps 504 and 506, if they occur, may 
occur in any order, although FIG. 7 shoWs step 504 occurring 
?rst. Next, the episode traversal index k is incremented, 
k:k+l at 508. At 510 a query is made as to Whether k<|0t|. If 
so, a branch to step 503 is made, and execution continues 
therefrom. OtherWise, at a step 512, if the variable bag con 
tains an entry (0t,k), the entry (0t,k) is removed from bag. 
Following step 512, step 220 ends at 514. 

In brief summary noW, discussion of FIGS. 3-7 completes 
discussion of details of step 106 of FIG. 2. TWo embodiments 
of the method Were discussed, one for identi?cation of non 
overlapping episodes, and one for identi?cation of non-inter 
leaved episodes. 

Turning noW to further discussion of step 108 of FIG. 2, 
FIG. 8 shoWs a ?rst step 602 of initializing the variable Fk* to 
be empty. As described above in connection With step 18 of 
FIG. 1, F k* is intended to hold frequent principal episodes of 
length k. At a step 604, each frequent k-node episode 0t is 
checked to see Whether it is principal in the temporal data 
series. If 0t is found to be principal, Fk* is updated to contain 
0t. 

The check for Whether 0t may be principal is made by 
?nding all strict k-node superepisodes [3 of 0t that occur in the 
temporal data series. If no [3>0t is similar in s to 0t, then 0t is 
principal in s. Because the test is restricted to strict k-node 
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superepisodes [3 that occur in the temporal data series, the test 
for similarity involves solely a test that the frequencies of 
occurrence of 0t and [3 are identical. If the frequencies differ, 
then 0t is principal in s and added to Fk*. 
One arrangement of episodes in Fk* is shoWn in FIG. 9. 

FIG. 9 displays a set of blocks 802, 804, 806, 808, and 810. 
The actual number of blocks to be used depends on details of 
the episodes in F k*. 

Episodes in Fk* are sorted in some order. One possible 
order is lexicographic order. This may be appropriate When 
event types are considered as symbols and the symbols can be 
ordered as if listed in a dictionary. Any speci?c order Will 
suf?ce, provided Where an event is to be positioned in a set of 
events subject to the order is unambiguous. This de?nition of 
order may also include ordering an event according to its 
alloWed duration information, i.e., its interval set. 
The k-node frequent principal episodes may thus be 

arranged as a lexicographically sorted collection F k* of 
k-length arrays. The im episode in the collection has tWo 
components for its speci?cationithe ?rst is F k*[i] ~g[j] Which 
refers to the event type association for j”' node, and the second 
is Fk*[i]~d[j] Which stores the collection of intervals (Which 
specify the dWelling times alloWed) associated With the jth 
node. F k* [i] ~d[j] is a list of intervals and the kth element of this 
list is denoted by Fk*[i]~d[j][k]. The episode collection is 
vieWed as constituted in blocks such that Within each block in 
F k* the ?rst (k- 1) nodes are identical, i.e., both the event type 
as Well as the timing information of the ?rst (k-l) nodes are 
the same for the episodes in a block. Potential (k+l)-node 
candidates are constructed by combining tWo episodes Within 
a block as Will be discussed beloW. The neWly constructed 
(k+l)-node episode is declared a candidate only if every 
subepisode generated by dropping one of its nodes is already 
knoWn to be principal and frequent (and hence is in F k*). 
When the episodes are ordered, F k* typically has the struc 

ture shoWn in FIG. 9. Each block, e.g., 802, Will include those 
episodes Whose ?rst k-l events Will be identical, both as to 
event type and interval set. This is shoWn in FIG. 10. In the 
example ofFIG. 10, k:4. In FIG. 10, three episodes 902, 904, 
and 906 are shoWn as an example, each With four entries. Each 
of the three episodes has the same event type and interval set 
for a ?rst entry, namely event 1 and interval set 1 in FIG. 10. 
For all three episodes 902, 904, and 906, the second entry is 
event 2 and interval set 2, as shoWn. This pattern continues 
Within a block until the last entry of the episodes. In FIG. 10, 
for example, episode 902 has a last entry event 4 and interval 
set 4, While episode 904 has a last entry event 4' and interval 
set 4'. Episode 906 has a last entry event 4" and interval set 4". 
Adopting episode ordering as the structuring principle for 

F k* has a bene?t that When a neW principal episode 0t is 
determined, it readily may be inserted into Fk* in the appro 
priate block. 
The block structure of Fk* also facilitates generation of 

neW candidate episodes from frequent principal episodes. 
FIG. 11 shoWs example neW candidate episodes 1002 and 
1004 generated from episodes 902, 904, and 906 of FIG. 10. 

Candidate episodes 1002 and 1004 have their ?rst k-l 
entries in common. In the example shoWn, they have their ?rst 
three entries in common. For their last tWo entries, one each is 
draWn from the last entry of 902, 904, or 906. As shoWn, 
candidate episode 1002 includes the last entries of episode 
902 and 906, and candidate episode 1004 includes the last 
entries of 906 and 904. 

FIG. 12 shoWs details of step 20 of FIG. 1. In FIG. 12, the 
candidate generation is done through the steps shoWn. First, at 
1102, the collection Ck+1 of candidate episodes of length k+l 
is initialized to be empty. At 1104, (k+l)-node candidate 
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episodes are built from frequent principal episodes of length 
k, as discussed above. A neWly constructed (k+l)-node epi 
sode is declared a candidate only if every subepisode gener 
ated by dropping one of its nodes is already knoWn to be 
principal and frequent (and hence is in Fk’l‘). 

Thus, at step 1106, for each (k+l)-node candidate episode, 
k+l k-node subepisodes are constructed by omitting one of 
the nodes of the (k+l)-node candidate episode. If each of 
these k+l k-node subepisodes are in Fk’l‘, the (k+l)-node 
candidate episode is added to Ck“. At step 1108, the collec 
tion Ck+1 is returned as a result or output, and method 10 
continues With step 22. 

Returning noW to step 30 of FIG. 1, the rule discovery 
process in the generaliZed framework of discovery of fre 
quent episodes With dWelling times can be described in the 
folloWing form. As above, 135* denotes the set of all frequent 
principal episodes in s. The rules take the form [3*—>0t*, 
Where [3*<0t* and 0t*, [3*eFS*. To obtain such rules all the 
frequent principal episodes in the event sequence s are ?rst 
computed (see step 26). For each such frequent episode 
subepisode pair, 0t*, [3*eFS*, With [3*<0t*, the subepisode is 
said to imply the episode if the ratio of their frequencies of 
occurrence in the event sequence exceeds a con?dence 
threshold pm”. 

FIG. 13 shoWs a system 1200 in accordance With an 
embodiment of the invention. In FIG. 13, an input module 
1202 provides for accepting input of a temporal data series. 
The temporal data series may be retrieved by input module 
1202 from, e.g., a database. Input module 1202 in addition 
provides for accepting input of a set B of alloWed dWelling 
times, and for accepting input of a threshold frequency and 
con?dence threshold as Well as an expiry time. 

System 1200 may also include an automata generation and 
initialiZation module 1204 to provide a suf?cient number of 
automata, properly initialiZed, for tracking occurrences of 
candidate episodes in the temporal data series. As discussed 
previously, in general, as many as lotl automata for a particu 
lar episode 0t may be used to track all partial occurrences of 
the episode 0t. 
A tracking module 1206 manages, in an update module 

1208, the automata tracking events of the data series through 
the transitions they make, and counts detected occurrences of 
candidate episodes in counting module 1210. Candidate iden 
ti?cation module 1211 provides for detection of the occur 
rences. Tracking module 1206 may branch back to module 
1204 for continued generation and/or initialiZation of 
automata. 

An output module 1212 provides for output for candidate 
episodes Whose frequency of occurrence in the data series 
meets of exceeds the threshold frequency provided to input 
module 1202. 

FIG. 14 shoWs an apparatus 1300 in accordance With an 
embodiment of the invention. In FIG. 14, a processor 1302 
processes instructions stored in memory 1304 at 1306, 1308, 
1310, 1312, 1314, 1315, and 1316. Processor 1302 executes 
the instructions to process temporal data retrieved from data 
base 1318 in accordance With input provided through user 
interface 1320. 

In summary, the temporal data mining technology as 
described herein provides a method, system, and apparatus to 
search for patterns of interest in time series data. As described 
in detail above, the method includes a step for receiving as 
input a series of temporal (i.e., time-stamped) data, a set of 
candidate episodes to be sought in the data series, and a 
threshold frequency of occurrence for the candidate episodes. 
The method also includes a step of generating automata 
adapted to track Whether a candidate episode occurs in the 
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temporal data series, and then tracking, With the automata, 
Whether the episode occurs in the temporal data series. The 
method includes a further step of incrementing a count When 
an occurrence of the episode has been tracked by the automa 
ton and a step of producing an output for candidate episodes 
Whose count of occurrences results in a frequency exceeding 
the threshold frequency. 
As described above, the embodiments of the invention may 

be embodied in the form of computer-implemented processes 
and apparatuses for practicing those processes. Embodiments 
of the invention may also be embodied in the form of com 
puter program code containing instructions embodied in tan 
gible media, such as ?oppy diskettes, CD-ROMs, hard drives, 
or any other computer-readable storage medium, Wherein, 
When the computer program code is loaded into and executed 
by a computer, the computer becomes an apparatus for prac 
ticing the invention. The present invention can also be embod 
ied in the form of computer program code, for example, 
Whether stored in a storage medium, loaded into and/or 
executed by a computer, or transmitted over some transmis 
sion medium, such as over electrical Wiring or cabling, 
through ?ber optics, or via electromagnetic radiation, 
Wherein, When the computer program code is loaded into and 
executed by a computer, the computer becomes an apparatus 
for practicing the invention. When implemented on a general 
purpose microprocessor, the computer program code seg 
ments con?gure the microprocessor to create speci?c logic 
circuits. 

While the invention has been described With reference to 
exemplary embodiments, it Will be understood by those 
skilled in the art that various changes may be made and 
equivalents may be substituted for elements thereof Without 
departing from the scope of the invention. In addition, many 
modi?cations may be made to adapt a particular situation or 
material to the teachings of the invention Without departing 
from the essential scope thereof. Therefore, it is intended that 
the invention not be limited to the particular embodiment 
disclosed as the best mode contemplated for carrying out this 
invention, but that the invention Will include all embodiments 
falling Within the scope of the appended claims. Moreover, 
the use of the terms ?rst, second, etc. do not denote any order 
or importance, but rather the terms ?rst, second, etc. are used 
to distinguish one element from another. 

The invention claimed is: 
1. A computer-readable storage medium tangibly embody 

ing executable instructions for: 
receiving as input a temporal data series comprising events 

With start times and end times, a set of alloWed dWelling 
times, a threshold frequency of occurrence, and an 
expiry time, Wherein the expiry time provides a criterion 
for occurrence of an episode; 
?nding all frequent principal episodes of a particular 

length in the temporal data series having dWelling 
times, as determined by the start and end times, Within 
the alloWed dWelling times; 

in successive passes through the temporal data series: 
incrementing the particular length to generate an 

increased length; 
combining frequent principal episodes to create com 

bined episodes of the increased length; 
creating a set of candidate episodes from the combined 

episodes by removing combined episodes Which have 
non-frequent sub-episodes; 

identifying one or more occurrences of a candidate epi 
sode in the temporal data series, Wherein the identi 
fying comprises tracking, With a plurality of 
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automata, Whether an occurrence of a candidate epi 
sode occurs in the temporal data series; 

generating the plurality of automata con?gured to track 
Whether an occurrence of a candidate episode occurs 
in the temporal data series, Wherein the plurality of 
automata are con?gured to track a non-overlapping 
occurrence of a candidate episode; 

incrementing a count for each identi?ed occurrence; 
determining frequent principal episodes of the increased 

length; 
setting the particular length to the increased length; and 
producing an output for frequent principal episodes, 

Wherein a frequent principal episode is a principal 
episode Whose count of occurrences results in a fre 
quency meeting or exceeding the threshold frequency 
of occurrence. 

2. The computer-readable storage medium of claim 1, 
Wherein the identifying comprises identifying Whether a non 
interleaved occurrence of a candidate episode occurs in the 
temporal data series. 

3. The computer-readable storage medium of claim 1, 
Wherein the plurality of automata are con?gured to track a 
non-interleaved occurrence of a candidate episode. 

4. A system for temporal data mining, comprising: 
a computer readable storage medium that includes an 

application con?gured to: 
receive at an input module a temporal data series compris 

ing events With start times and end times, a set of alloWed 
dWelling times, and a threshold frequency of occur 
rence, Wherein the input module receives an expiry time 
for providing a criterion for occurrence of an episode; 

identify using a candidate identi?cation and tracking mod 
ule one or more occurrences in the temporal data series 
of a candidate episode having dWelling times, as deter 
mined by the start and end times, Within the alloWed 
dWelling times, 

in successive passes through the temporal data series: 
increment the particular length to generate an increased 

length; 
combine frequent principal episodes to create combined 

episodes of the increased length; 
create a set of candidate episodes from the combined epi 

sodes by removing combined episodes Which have non 
frequent sub-episodes; 

identifying one or more occurrences of a candidate episode 
in the temporal data series, Wherein the identifying com 
prises tracking, With a plurality of automata, Whether an 
occurrence of a candidate episode occurs in the temporal 
data series; 

generate using an automata generation module the plural 
ity of automata con?gured to track Whether an occur 
rence of a candidate episode occurs in the temporal data 
series, Wherein the plurality of automata are con?gured 
to track a non-overlapping occurrence of a candidate 

episode and; 
increment a count for each identi?ed occurrence; 
determine frequent principal episodes of the increased 

length; 
set the particular length to the increased length; and 
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produce at an output module an output for those episodes 

Which are principal and Whose count of occurrences 
results in a frequency meeting or exceeding the thresh 
old frequency of occurrence. 

5. The system of claim 4, Wherein the candidate identi? 
cation and tracking module identi?es Whether a non-inter 
leaved occurrence of a candidate episode occurs in the tem 
poral data series. 

6. The system of claim 4, Wherein the plurality of automata 
are adapted con?gured to track a non-interleaved occurrence 
of a candidate episode. 

7. An apparatus for temporal data mining, comprising: 
a processor for executing instructions; 
a memory device including instructions comprising: 
input instructions for receiving a temporal data series com 

prising events With start times and end times, a set of 
alloWed dWelling times, a threshold frequency of occur 
rence, and an expiry time, Wherein the expiry time pro 
vides a criterion for occurrence of an episode; 

candidate identi?cation and tracking instructions for iden 
tifying one or more occurrences in the temporal data 
series of a candidate episode having dWelling times, as 
determined by the start and end times, Within the 
alloWed dWelling times, 

in successive passes through the temporal data series: 
increment the particular length to generate an increased 

length; 
combine frequent principal episodes to create combined 

episodes of the increased length; 
create a set of candidate episodes from the combined epi 

sodes by removing combined episodes Which have non 
frequent sub-episodes; 

identify one or more occurrences of a candidate episode in 
the temporal data series, Wherein the identifying com 
prises tracking, With a plurality of automata, Whether an 
occurrence of a candidate episode occurs in the temporal 
data series; 

instructions for generating a plurality of automata con?g 
ured to track Whether an occurrence of a candidate epi 
sode occurs in the temporal data series, Wherein the 
plurality of automata are con?gured to track a non 
overlapping occurrence of a candidate episode; 

increment a count for each identi?ed occurrence; 
determine frequent principal episodes of the increased 

length; 
set the particular length to the increased length; and 
output instructions for producing an output for those epi 

sodes Which are principal and Whose count of occur 
rences results in a frequency meeting or exceeding the 
threshold frequency of occurrence. 

8. The apparatus of claim 7, Wherein the candidate identi 
?cation and tracking instructions comprise instructions for 
identifying Whether a non-interleaved occurrence of a candi 
date episode occurs in the temporal data series. 

9. The apparatus of claim 7, Wherein the plurality of 
automata are adapted to track a non-interleaved occurrence of 
a candidate episode. 


